Introduction
In the last two decades conditional cash transfer (CCT) programs have played an increasingly important role in poverty reduction strategies and social safety net policies in developing countries. These programs provide cash payments to lowincome households that are conditional to behavioral requirements generally related to children's health, nutrition and education. CCTs are expected to contribute to poverty reduction by increasing available household income and consumption in the short term, and by increasing children's human capital, namely education, nutrition and health, in the long term. CCTs also work as demand-side complements to the supply of health and education. In this sense, CCT programs are a departure from more traditional approaches of social assistance and an innovative way to provide social services while promoting the accumulation of human capital.
CCT programs have been in place since the late 1990s and early 2000s and have become increasingly popular, particularly in Latin America. The first large-scale CCT program, PROGRESA (now known as OPORTUNIDADES), was implemented in Mexico in 1997. Since then, these types of programs have expanded to many other Latin American countries, including Brazil, Colombia, Honduras, Bolivia, Ecuador, Chile, Jamaica and Panama. Their popularity and apparent success have also gained notice in some Sub-Saharan African countries (Kakwani et al. 2005) , and even New York City, which implemented in 2007 the Opportunity NYC -Family Rewards program (Riccio et al. 2010) . In general, impact evaluations of these programs have found some positive effects on educational, nutrition, and health outcomes.
Familias en Acción (FA) is the largest CCT program in Colombia. Launched in 2001, the Colombian government created the program to alleviate the effects of a recession which hit the country in the late 1990s and which caused large losses in welfare, particularly for the lowest-income population (DNP 2008 ). In 2002 percent of the population in the country lived in poverty, while 21.7 percent lived in extreme poverty (DNP 2012) . Although initially introduced as a safety net to temporarily protect the most vulnerable families from external economic shocks, with time FA also acquired a long-term goal to promote the accumulation of human capital as a means to cease intergenerational poverty transmission (Garcia 2010) . Like most CCT programs, the primary purpose of FA is to give cash transfers to low-income households, conditional on their fulfillment of several requirements related to children's education, health and nutrition. The program was initially implemented in 691 of the 1,060 Colombian municipalities existing in 2001. In each municipality, households were eligible to participate in the program if they were classified in Sisbén level 1 as of December 31 st of 1999, and had children between 0 and 17 years old (DNP 2008) . The Sisbén is a welfare index used in Colombia to target social programs: the lower the level, the lower the household welfare. The educational subsidy is given to households with children between 7 and 17 years old for each child enrolled in school and who attends 80 percent of classes. In 2008, the CCT value was about $14,000 COP (about $8 dollars) monthly for each child attending primary school, and about $28,000 COP (about $16 dollars) monthly for each child attending high school. The health and nutrition component is comprised of a series of required health appointments and educational sessions targeted at mothers and their children between 0 and 6 years old: children must be registered and regularly attend growth and development check-ups and vaccination programs, while mothers have to attend health talks (DNP 2008) .
The main impact evaluation of the program found that after five years, the program had a positive impact on: (i) attendance rates for all children's age groups, with the greatest impact on children in high school and for rural children between 14 and 17 years old; (ii) breastfeeding practices, especially in the rural areas; (iii) the frequency of food consumption; and (iv) the nutritional status of children under 7, especially in the rural areas (DNP 2008, 10-12) . Hence, the results of the impact evaluation showed that FA increased the use of social services, but there is very little evidence to date that the program has been effective in achieving its long-term goal of reducing poverty and ending poverty cycles. A recent study that analyzed the long-term effects of FA on human capital found that children who participated in FA were more likely than non-participants to finish high school, particularly girls and beneficiaries in rural areas, while recipients of FA who graduated from high school seem to perform at the same level than similar non-recipient graduates on test scores (Baez and Camacho 2011) .
The main impact evaluation of the program used two different econometric methodologies: selection on observables, using linear models and propensity score matching specifications, and Differencein-Differences (DNP 2008) . As is very common in impact evaluations of social programs that use regression analyses, the estimations of the impact were based on comparing average outcomes between households in municipalities receiving the program, the treatment group, and households in municipalities not receiving the program, the control group. However, comparing average outcomes might be a problem if one expects the program to have different impacts for different households, for example, with different income levels. In the case of FA, if the lowestincome households among the beneficiaries are more likely to use the program as an opportunity to increase their human capital, it is more likely that the program would help them get out of poverty. On the other hand, if the beneficiaries with relatively more stable incomes use the program only as a short-term remedy for a lack of cash, or if the program creates negative incentives for them to work, they are more likely to remain "trapped" in poverty. In other words, the program may differently impact households at dif-ferent points of the income distribution. In this case, it is possible that the different impacts would cancel out and one would find no difference between the average outcomes of the treatment and control households, and mistakenly conclude that the program had no impact at all.
The impact evaluation of FA found that on average household real income increased between 2002 and 2005 for all groups studied, but this increase was greater for the treatment municipalities than for control municipalities. However, when estimating the statistical significance of the impact of the program on household income using the econometric methodologies mentioned above, it did not find a significant effect on average household total income. The only significant difference between the treatment and control groups was found in the household non-labor income in rural areas, but it is difficult to interpret this difference as an impact of the program (DNP 2008) . Nevertheless, according to the authors of the impact evaluation: Even though it is not possible to observe statistically significant impacts of the program on household income, the numbers hinted at a positive effect: total income, including the transfers from the program, is 25.2 percent greater that the income that the household would have without the program; and excluding the transfers it is 21.2 percent ... However, the dispersion in the differences around these averages is too large, and because of that, the observed results are not statistically significant at the usual confidence levels. (DNP 2008) Author's translation. This means that, given the dispersion in the differences in income between the treatment and control groups around the average, it is possible that the evaluation failed to capture an impact of the program given its focus on average income. To overcome this problem, one can estimate the impact of FA on income at different points of the income distribution to capture the program impact and whether participation in the program unequally affected households with different incomes. In particular, if we care about the long-term effects of the program on poverty reduction, it would be interesting to know how different the impacts for households located at different points of the income distribution may be.
In this context, the central research question of this study is: what is the impact of the Familias en Acción CCT program on mean household income and on income inequality? In other words, what is the program's impact at different parts of the income distribution? The main hypothesis is that the program had a positive impact on household income, and that the impact was greater for those households at the bottom of the income distribution.
The rest of the paper is organized as follows. The second section summarizes the empirical strategy. The third section presents the data sources. The fourth section provides some descriptive statistics. The fifth section presents the results and discussion. Finally, the sixth section offers conclusions and points of further study.
Empirical Strategy
In order to estimate the impact of the Familias en Acción CCT program at different points of the income distribution, this study uses a Quantile Regression methodology (Koenker and Bassett 1978) . The Quantile Regression is a technique in which regressions are estimated for different points of the distribution of the dependent variable, allowing in this case the identification of the impact of the program on household income at different quantiles of the income distribution. Traditional Ordinary Least Squares (OLS) regressions focus on the mean, summarizing the relationship between the dependent variable and a specific regressor: it describes the mean of the dependent variable for each fixed value of the regressor, using a function known as the conditional mean of the response (Hao and Naiman 2007) . If used in this study, OLS estimates of the impact of the program will measure the impact on average household income. OLS models, also known as conditional mean models, have attractive properties: they can provide a complete and parsimonious description of the relationship between the covariates and the response distribution; and they lead "to estimators (least squares and maximum likelihood) that possess attractive statistical properties, are easy to calculate and are straightforward to interpret" (Hao and Naiman 2007) . However, these models also have a very important limitation: they cannot be expanded to non-central locations. Therefore, OLS models are limited in terms of their capacity to estimate these different impacts. This is particularly important in the social sciences, where researchers are interested in social stratification and inequality, which requires examining the properties of a distribution, or particular sections of it. Is it also important in the context of this study, which aims to study the impact of the program at different points of the household income distribution.
An alternative to the models described above are conditional-median models, also known as median regression models. According to Hao and Naiman: "the median-regression model can be used to achieve the same goal as a conditionalmean regression modeling: to represent the relationship between the central location of the response and a set of covariates" (2007) . However, other quantiles (including the median) can be used to describe different positions of a distribution e.g. quartiles, quintiles, deciles and percentiles. Koenker and Bassett introduced the concept of Quantile Regression, which models conditional quantiles as functions of predictors (1978) . That is, instead of specifying the change in the conditional mean of the dependent variable, as OLS does, it specifies the changes in the conditional quantile.
Given the conveniences of using Quantile Regression to understand the response in the conditional quantiles of a distribution as a function of a regressor, this paper uses Quantile Regression to estimate the impact of Familias en Acción on household income at different quantiles of the income distribution. All models are also run using OLS as a point of comparison.
Additionally, because the municipalities that participated in the program were not randomly chosen to participate, it is important to consider the possibility that the observed differences in household income between the control and treatment households are simply reflecting pre-existing differences between the two groups, and not the effect of the program (DNP 2008) . Therefore a Difference-in-Differences methodology is also used, which allows controlling for unobservable household characteristics, assuming these remain constant over time, and that both the treatment and the control groups react in the same way to macroeconomic effects (DNP 2008) . If the control and treatment groups had no systematic differences, a Differencein-difference regression without any controls would properly estimate the impact of the program on the dependent variable of interest -average household income. Such specification is given by:
Where Y is the income variable (in logs, so the coefficients of the regressions can be interpreted as a semi-elasticity), h represents the household, year is an indicator variable equal to one if the year is 2005, treatment is an indicator variable equal to one if the household is in the treatment group, year*treatment is the interaction between both, and ε is the error term. The intercept α is the average income of a household in the control group in 2002, β 1 captures changes in all household incomes from 2002 and 2005, and β 2 measures the income effect that is not due to the program e.g., some households in the treatment group had larger incomes even before the program started. The coefficient of the interaction, β 3, is the parameter of interest: it measures the impact of the program on household income, assuming that households in the treatment and control group did not increase their income at different rates for other reasons (Wooldridge 2009 ). β 3 is the Differencein-Difference estimator, which captures the difference between: the difference between the income of households in the treatment and the control groups in 2005, and the difference between the income of households in the treatment and the control groups in 2002. The Difference-inDifference estimator can be expressed as:
Model 2: β 3 =(income 2005,treat -income 2005,cont ) -(income 2002,treat -income 2002,cont )
Because it is not possible to know if there are systematic differences between the treatment and control groups, the models are run both with and without controls for observable characteristics. The controls included are: age of the head of household, squared age of the head of household, indicator variables for head of household's education level, indicator variables for type of family (married or union with children, married or union without children, single parent with children, single parent without children), and the household dependency ratio (number of household members that do not work with respect to the number of household members that work). The Difference-in-Difference specification with controls is given by:
Model 3:
Where X is a vector that includes all control variables.
Data Sources
This study uses a panel dataset of households from the FA program baseline survey (2002) and the second follow-up survey (2005) (2006) . The data was collected in 122 Colombian municipalities, from surveys made to 11,462 households during 2002, and 9,566 households in [2005] [2006] . This study uses socio-demographic data coming from the household surveys, including household income, and administrative data from the program, including specific information from households participating in the program.
The FA program was not a randomized control trial. This means that municipalities, households, and individuals were not randomly selected to participate in the program. Therefore, in order to be able to estimate the impact of the program, data was collected from municipalities receiving the program, "treatment" municipalities, and from municipalities that initially did not participate in the program, "control" municipalities. The latter were chosen to have very similar characteristics to the treatment municipalities: they had all but one characteristic that made them eligible for the program: having a bank.
The dependent variable is total household income. Total household income includes labor income and non-labor income from all members of the family, net transfers to or from other households, the CCT cash transfer for the treatment group, and other subsidies received by the households. The total amounts were calculated on an annual basis, in constant prices of 2005, the year of the second follow-up. Nominal prices of 2002 and 2005 were deflated using the Colombian Consumer Price Index of 2005(CPI).
Descriptive Statistics
Because municipalities were not randomly selected into the treatment and control groups, it is important to verify if there are systematic differences between these two groups. Table 1 compares five household characteristics for the treatment and control groups. When perform-ing a t-test of the differences in means between the characteristics of households in control and treatment municipalities, we cannot reject the null hypothesis that the difference between the means is zero, except for the percent of households married or in union with children. In other words, there is no statistically significant difference between the means of the variables in the households that received the program and those that did not. Even though these means are only descriptive statistics, these data shows that, in principle, the treatment and controls groups are very similar. except for the households in the treatment group in rural areas. The change in real household income was much larger for the treatment households, probably driven by the significant increase in income for treatment group households in urban areas, a 91 percent change. This suggests that, due to the country's economic growth during those years, households in both the treatment and control groups in small municipalities increased their real income, and that the impact might have been larger for treatment municipalities. Because the program could generate different incentives to work, another variable of interest is total household labor income, which includes labor income from all members of the household. If FA created negative incentives to work, households could actually reduce their total labor income, either by having fewer members work, or by reducing the numbers of hours of work being done by household members. Table 4 shows that while total household labor income increased in the treatment households between 2002 and 2005, it went down for households in the control group. Table 5 reports the total household non-labor income excluding the CCT in 2002 and 2005. This non-labor income includes other subsidies that the households receive and household net transfers (transfers to the household from relatives or friends outside the household minus transfers from the household to relatives and friends outside the household). Total household non-labor income significantly increased in both control and treatment municipalities.
Finally, Table 6 presents the total annual CCT amount the household received. This is calculated as an average of all payments the household received (payments reported in the survey for treatment households, then multi- plied by six to reflect that payments were made every two months). The table shows that there was an increase in the CCT amount for treated households, both in rural and urban areas, and that the increase was much larger in urban areas. Two factors limit the study's ability to calculate the CCT payments for the treatment and control households: first, some treatment municipalities started receiving the CCT even before the baseline survey, and some control municipalities started receiving CCT before or in 2005 (i.e. they became treatment municipalities); second, there is quite a bit of variation around each household's total annual CCT due to changes in eligibility and distribution mechanisms. These factors in turn limit the study's ability to accurately estimate the dependent variable of total household income, which is calculated by adding CCT to other household incomes.
To address the first issue, this study compares the initial treatment and control households (Intent-to-Treat), ignoring their change of status, and assumes that the control households at the baseline (2002) were also control households at the follow-up. Because of this any CCT for these households is omitted from the calculation of the total household income. With respect to the second issue, it is very difficult to establish the total annual CCT each household received. For example, in the follow-up survey, respondents were asked to report and show the receipt from their last payment, but it is not possible to know how many of these payments the household received during a year. Additionally, some municipalities delayed payments, so some households may have received less money than expected each month. The amount of the CCT received by a household could change if, for exPolicy Perspectives • 13 Note: Author's calculations. The total CCT amount per year was calculated by estimating the average of the payments received per household, and multiplying it by 6, as the payments were bi-monthly. ample, children first attending elementary grades start attending high school, as the payments are a little bit larger for children in high school. Additionally, some households could have lost their CCT benefits in the middle of a year if they had not followed the program's conditions. Because the dataset does not contain information about the exact amount that the household received in a year, the average household CCT payments received are the next best available alternative data.
The descriptive results presented above suggest that there were significant changes in the household income, and that the increase in income was larger for households in treatment municipalities. However, so far this has only described the differences between the treatment and control groups, before and after the program, which could be reflective of changes in the Colombian economy, other concurrent historic changes, or pre-existing differences between the treatment and control groups. Table 7 presents the OLS and Quantile Regression estimates of model (1), that is, a model without any controls, using total household income as the dependent variable. The OLS regression results show that there is a statistically significant impact of the program on household income: participating in the program increases average household total income by 29 percent. This is consistent with the main impact evaluation of the program, which found that total household income for households in FA is 25.2 percent larger than the household would have without the program (DNP 2008). However, in contrast to this study, the earlier evaluation's impact was not statistically significant, probably because of differences in the measurement of the income-related variables and aggregate modeling strategy.
Results
The Quantile Regression model presents a better picture than the OLS, as it shows that the estimates at low quantiles are substantially higher. The program has a much greater impact at the lower quantiles of the income distribution. For example, the program increases the conditional income by 83 percent for those households at the 0.15 bottom quantile of the income distribution, and by 54 percent at the 0.25 quantile of the distribution. However, the Quantile Regression shows that the program did not have any statistically significant effect on the median income, or on the higher quantiles of the income distribution. Figure 1 plots in each graph the OLS and Quantile Regression coefficients for each regressor in this model: dummy variable for year, dummy variable for the treatment, and the interaction variable. The horizontal lines in each graph are the OLS point estimates and confidence intervals, which do not vary with the quantile. The shaded parts are the Quantile Regression estimates and their confidence intervals. The top left graph plots the coefficients on the year variable, showing that it is negative for the whole range of quantiles (0.15 to 0.85), and it is smaller for the lower quantiles. The top right graph plots the coefficients for the treatment variable, showing that the effect of being in the treatment group is larger for the lower quantiles of the income distribution. The lower graph plots the parameter of interest: the coefficients on the year-treatment interaction term. It shows that the impact of the program is positive for the lower quantiles, and negative for the higher quantiles of the income distribution.
The results for the models specified by Equation (3) (with controls), are presented below. cent change in the total household income at the 0.85 quantile of the distribution. Having a head of household who has completed high school is statistically significant for both the OLS and Quantile Regression models. According to the OLS model, this means that completing high school is associated with a 55 percent increase in the mean household income, with respect to those households whose heads have no education. The results for the Quantile Regression also show that having a head of household who has completed high school is associated in a statistically significant way with household income. The estimated coefficient is very similar for the 0.25 quantile of the income distribution, but the coefficients are lower for other quantiles of the distribution. For example, having a head of household who has completed high school changes total household income by 35 percent to 40 percent at the 0.15, 0.5, 0.75 and 0.85 quantiles of the distribution. The Quantile Regression also shows that there is a substantially large effect of having a head of household who has completed university, but only for the higher quantiles of the income distribution. For example, for the median or 0.5 quantile, this is associated with an increase of more than 100 percent with respect to heads of households with no education.
With regards to family type, there is a clear significant effect of having children on household income, as both the married/unions and the single parent families with children have significantly higher total household income with respect to single parent households with no children. This could be expected, as these are lowincome households, were children usually work or perceive some type of income, and therefore having children increases total household income. The Quantile Regression model shows that a household of either of these two types is significantly associated with higher incomes, particularly at high quantiles of the income distribution. However, for the single parent household with children, the estimates at low quantiles are higher. For example, a single parent household with children is associated with a 56 percent increase in total household income at the 0.15 quantile, while it associated with a 31 percent There is a lot of dispersion in the household income, so the Quantile Regression does a better job in capturing this dispersion. In fact, this model shows that the program's impacts are concentrated at the lower part of the income distribution. For the median household income and the quantiles above 0.5, the effect of the program is not statistically significant, while the program increases total household income by 90 percent for the 0.15 quantile of income distribution, and 53 for the 0.25 quantile.
Discussion
In theory, household income should increase as a result of the program's CCT unless there are some unexpected results. For example, the program could reduce the household members' incentives to work, decreasing their income generation. The program could also reduce net transfers to the household, either because there is a decrease in gross transfers from relatives who do not live in the household, or an increase in the household transfers to relatives outside the household (DNP, 2008) . Therefore, it is important to discuss the impact of the program on other variables that can capture these possible results: total household income excluding the CCT, total household labor income, and total household non-labor income excluding the CCT. Additional models were run using total household labor income and total household non-labor income as dependent variables. The estimations are presented respectively in tables 10 and 11. There are two important results from these models that need to be mentioned here: first, although the OLS regression does not find a significant effect of the program on total household labor income, the Quantile Regression shows that the program has a negative impact on total household labor income for those at the low quantiles of the distribution. For example, the program reduces labor income for households at the 0.15 quintile of the income distribution in 14.8 percent, and in 16.4 percent for those at the 0.25 quintile of the distribution. This suggests that the lowestincome households, i.e. those at the lowest quintiles of the income distribution, may have reacted to the program by reducing their amount of work, either by working fewer hours, or by having a member of the household stop working. The former case is an unexpected negative impact of the program. However, the latter case is not necessarily a negative impact: what could be happening is that the program offered the right incentives to send children to school instead of making them work to bring additional income to the household. Nevertheless, there are some measurement validity issues for the household labor income that limit the strength of this analysis: because the follow-up survey does not include the income from independent workers, this is omitted from the labor income estimation both for 2002 and 2005.
The second important result is that both the OLS and Quantile Regression models find a significant effect of the program on total household non-labor in- come excluding the CCT. The OLS model estimates that the program increased total household non-labor income by 34 percent. The Quantile Regression found a significant effect of the program at all quantiles of the non-labor income distribution, except for the highest quantile (0.85), and the impact is slightly higher for the low quantiles of income. For example, the program increases total household non-labor income by 27 percent for the 0.15 quantile of the non-labor income distribution, and 21 percent for the median income household and the 0.75 quantile of the distribution. This result is important because it suggests that the household net transfers and/or the subsidies excluding the CCT increased as a result of the program.
Conclusion
The results presented in this study confirm the initial hypothesis: the program has a positive impact on total household income, and this impact is larger for the households at the lower quantiles of the income distribution. There is also some evidence that for households at the lowest quintiles of the income distribution, the program had a negative impact on labor income, which suggests that these households may have reacted to the program by reducing their amount of work, either by working fewer hours, or by having a member of the household stop working. As for the total household non-labor income without the CCT, there is some evidence that the program had a positive impact at most quantiles of the income distribution, suggesting that the household net transfers and/or the subsidies excluding the CCT may have increased as a result of the program. These results provide strong evidence that the program had different impacts at different points of the income distribution.
This study is one of the first to look at the impact of the Familias en Acción program on different types of households by specifically looking at the impact of receiving the program for households at different points of the income distribution. The Quantile Regressions methodology is particularly useful when a researcher is interested in analyzing the impact of a program or policy on an outcome at different points of its distribution. For example, in this case, Quantile Regression is used to look at the impact of Familias en Acción on household income, for households at different points of the income distribution.
Using a Quantile Regressions methodology, this paper finds evidence that the program had a larger impact for households at the bottom of the income distribution, which suggests that CCT programs might have a bigger impact on the poorest population. Therefore, existing CCT programs and new ones created in the future should aim to better target the programs so that they reach this part of the population, where this type of programs seems to have the largest effect. Future studies should aim to strengthen the measurement validity of the dependent variables used in this study, particularly by improving the estimations of the household labor income, and by better accounting for the actual conditional cash transfers made to each household. By improving these measurements, the methodology used in this study would allow researchers to estimate more accurately the impact of the Familias en Acción program on household income for households at different points of the income distribution.
